1 Introduction w n+ t = w n + (P n − E n − Q n ) t
where w n denotes the model's sole prognostic variable: the total soil moisture content (in mm) 98 at time step n. The value of w n is altered by precipitation P n , evapotranspiration E n , and runoff
99
Q n (all in mm d ) accumulated from time step n to n + t to yield the soil moisture at the next 100 time step, w n+ t . As in KM12, we run the model here with a time step of one day ( t = 1d). where λ is the latent heat of vaporization (in J kg ) and ρ w is the density of water (in kg m 3 ). Soil Q n P n = w n c s α with α ≥ 0
As with the exponent γ in (2), the unitless exponent α ensures that the runoff ratio Q n P n increases monotonically with soil moisture. Note that runoff as defined here (which includes, in effect, both S n+t = Q n 1 τ e
where the streamflow S n+t corresponds to the streamflow produced at time n + t associated with 131 the surface runoff formed at time n. The integral of 1 τ e − t τ as t → ∞ equals 1, ensuring that the 132 full complement of assumed runoff water (i.e., P n w n c s α , from Equation (3)) does contribute to 133 streamflow at some time. The parameter 1 τ determines how quickly the runoff is transformed into 134 streamflow, whereas τ corresponds to the recession time scale, expressed in days. Using Equation
135
(4), the streamflow accumulated over the m-th time step after the precipitation event is: 
Note that in order to make sure that all the generated runoff is transformed into streamflow, we 141 would in principle need to use an infinite number of time steps. Sixty time steps is an arbitrary 142 but tractable number that allows us to account for 99% or more of the runoff water. 
Model Integration

144
Assuming that values for the five parameters in Equations (2) and (6) (namely, c s , β 0 , γ, α,
145
and τ ) can be determined, Equation (1) In fact, due to the limitation of using a daily (rather than a finer) time step, we integrate 153 instead an implicit form of Equation (1), a form that effectively computes the evaporation and 154 runoff for a given day based on the soil moisture content at the end of that day:
where the prime ( ) indicates the derivative with respect to soil moisture, evaluated at w n . Note
Running the model requires the initialization of the soil moisture prognostic variable. We 160 spin-up the model by integrating it over five years prior to the start of a simulation. identify, separately for each catchment, the optimal set of values for the 5 parameters in Equations
166
(2) and (6), that is, the set of values that allows the modeled streamflow S n (Equation (6) problem, we developed an alternative procedure (see Appendix A) to reduce the number of model runs required to yield a reliable optimal parameter set (see Table 1 ).
180
Validation of approach: Soil moisture memory
The time series of simulated soil moisture produced with the optimal parameters, a reflection of 182 precipitation, radiation and streamflow information only, is compared to the observed soil mois-183 ture in three highly monitored catchments to demonstrate that the precipitation, radiation, and 184 streamflow data can indeed be translated into useful information on local soil moisture behavior.
185
Because observed soil moisture information was not used at all in the calibration exercise, this 186 comparison serves as a valid test of our methodology.
187
The validation focuses in particular on soil moisture persistence. 
276
For this period, we also obtained catchment-specific precipitation and radiation data. Precip- 
288
In order to study the dependency of soil moisture memory on topography (hilliness), we to characterize, to first order, the CTI amongst the catchments examined. data. An overview of the fitted parameters in all catchments is provided in Table 4 .
309
A note about the parameter search is appropriate here. Two parameters, the ET ratio exponent
310
and maximum ET ratio, collide with their bounds in 2 and 9 catchments, respectively, out of 311 the 16 catchments considered in total in this study (see Table 1 for bounds and Table 4 for 312 fitted parameters). Concerning the maximum ET ratio, the fact that the optimum value of β 0 313 is found to be exactly 1, an imposed bound for the parameter, does not reflect poorly on the between modeled and observed soil moisture memory as described in the following subsection.
331
To validate our optimization procedure, we applied it with higher (coarser) step widths for the Table 2 . The best parameter sets found from both procedures were 336 identical for all three catchments (see Table 4 for parameter values), underlining the validity of 337 the approach introduced in this study. As expected due to the larger step width (lower accuracy), 338 these parameter sets yield slightly lower correlations between observed and modeled streamflow 339 compared to the parameter sets found using the default step widths (see Table 1 ). with those obtained using independent soil moisture measurements in the catchments.
346
This validation test was performed in each of the three catchments described in Section observations in autumn at these two sites. This means that the water balance is not closed with 361 the employed observations, which could be due, for example, to a higher spatial variability of 362 precipitation or a stronger role of land cover in this season.
363
The model, using only information on locally measured precipitation, net radiation, and stream- Furthermore, the agreement in Figure 1 above with the parameter set fitted for the particular site and also with the parameter sets fitted for 379 the other two sites. The results are displayed in Figure 2 . We find that the parameter set is more 380 important for determining the resulting soil moisture memory than is the meteorological forcing.
381
There are similarities between the actually modeled memory at Oensingen and San Rossore and 382 the resulting memory when using the parameter set or meteorological forcing from another site.
383
This can be explained by the roughly similar fitted parameters (see Table 4 ). Generally the strong 384 sensitivity of the memory with respect to the parameter set underlines the ability of our simple 385 model framework to yield a parameter set that is related with realistic features of the studied 386 catchments. evaluation of model performance, given that these months were not part of the fitting period (see
416
Section 2.2).
417
The bottom row in Figure 3 runoff ratio as shown by the fitted function and streamflow ratio as shown by the observations.
423
At first glance, the evaporation functions seem to disagree with the data. Here one must 
438
In contrast, the optimized runoff functions do capture, to first order, the observed streamflow 439 ratios. This makes sense, given that the streamflow measurements were used in the optimization Note furthermore that the suitability of the optimization approach may vary depending on the climate regime, as it becomes difficult, under dry conditions when streamflow variations are small,
472
to infer hydrological variability of a catchment from streamflow only (e.g. Teuling et al. 2010a).
473
For completeness, Figure 4 shows the hydrographs associated with the optimized values of τ
474
for the three catchments. In the Rietholzbach catchment, the streamflow response falls off most 475 quickly, as might be expected given the catchment's hilliness and relatively small size. In the other 476 two catchments, 2% of the water in a precipitation event is still running off two weeks after the 477 event. 
Application to multiple Swiss catchments
479
The application of the methodology to precipitation, net radiation, and streamflow data in 13 
483
A signature of the alpine ridge (and its associated precipitation regime) is seen in the memory 484 distribution.
485
The highest memory is found for the Langeten catchment, which is located in the Swiss plateau 486 between the Alps and the Jura mountains. High memory is also found for the Mentue (also in the the catchments, especially in summer. In general, memory seems to be strongest in autumn, for 500 which considerable memory is often seen at 4-5 week lags, and it is weakest in spring, which 501 generally shows almost no significant memory beyond 2 weeks.
502
Figures 6 and 7 also display the uncertainties corresponding to the soil moisture memories,
503
as derived with the methodology described in Section 2.3. They are mostly smaller than 0.2,
504
indicating that the computed memory patterns are robust with respect to parameter sets obtained moisture memory (as shown in Figure 5 ). Water holding capacity is seen to be a strong control of 537 soil moisture memory, which is intuitively sensible; it has a direct impact on the numerator of the 538 standard deviation ratio discussed above. A second control of memory is the runoff ratio exponent
539
(even if of questionable statistical significance due to the relatively small set of catchments). The 540 higher this exponent, the greater the contrast in the impact of runoff on soil moisture in wet and 541 dry conditions. That is, for a high exponent, the dampening impact of runoff on soil moisture 542 anomalies is significantly reduced in drier conditions. OS12 found that especially dry anomalies 543 contribute to a higher soil moisture memory, which explains why the runoff ratio exponent has such a large effect. It is important to note that these three controls are not statistically independent, 545 for otherwise they would explain too much of the variance of soil moisture memory; a proper 546 breakdown of the roles of these parameters and how they vary with each other would require a 547 substantially larger collection of analyzed catchments. moisture memory, which is consistent with the shown dependencies on altitude and topography.
558
The higher (or hillier) a catchment is, the thinner the soil should be, leading to a decreased water 559 holding capacity and therefore a lower σ wn and thus a lowerκ n value. Even if topography and 560 altitude are found to have the same impact on soil moisture memory, the reasons may not be 561 the same, since topography as such only impacts soil moisture dynamics whereas altitude also 562 reflects the varying atmospheric forcing (e.g. precipitation (variability) increasing with altitude 563 and thereby reducing soil moisture memory as described in the previous subsection).
564
We also investigated the link between mean soil moisture memory (as shown in Figure 5 ) and 565 catchment-specific dryness index, as illustrated with the plots on the right hand side of Figure 9 .
566
The dryness index is computed as R λρ w P , where λ is the latent heat of vaporization and R and Comparing the influence of these three controls on soil moisture memory in Switzerland as 572 indicated by the R 2 values, we find that altitude is of highest importance, followed by topography 573 and dryness index. hypothesis was whether such a simple model can be used to extract information on soil moisture 579 memory based on observations of precipitation, net radiation, and streamflow alone, since these 580 observations are much more plentiful than soil moisture observations.
581
Our approach was successfully validated using data from some of the relatively rare catchments 
587
We then used the validated model to estimate the soil moisture memory within 13 near-natural to be thinner.
595
The study with the 13 Swiss catchments demonstrates that the simple water balance model can 596 be used in conjunction with precipitation, net radiation, and streamflow measurements to estimate 597 soil moisture memory and its controls even in the absence of direct soil moisture measurements.
598
Applying this methodology to catchments in other regions of the world could help identify areas 599 of strong soil moisture memory, that is, areas for which soil moisture initialization has a chance 600 to contribute to hydrological or meteorological prediction. We first choose a random value for each parameter in Equations (2) and (6) from within a 616 prescribed acceptable range and add a prescribed step width (see Table 1 ) to yield a second value 617 for each parameter. We then run the model for all 2 5 = 32 combinations of parameters to find the 618 set which yields the highest correlation between modeled and observed streamflow. After that,
619
we rerun the model using another 2 5 = 32 combinations, assigning to each parameter the optimal 620 value found before and this value with the respective step width subtracted (if the lower value 621 from before was the optimal value) or added (if the higher value from before was the optimal 622 value). This procedure is repeated until the same set of parameters is found two times in a row.
623
This procedure, of course, guarantees only a local (rather than a global) optimum in the five- against observations for data within the period July-September that was used to fit the functions. The top rows show modeled soil moisture, streamflow and evapotranspiration plotted against observations for data within the period July-September that was used to fit the functions. The red lines are fitted through least-squares regressions. The bottom row shows the functions of Equations (2) (black) and (6) (red) fitted for each catchment. These are compared to weeklyaveraged observed corresponding ratios plotted as points against observed soil moisture (mean and variance adapted to model soil moisture). Overview of fitted functions, soil moisture memory, its uncertainy (refer to text for details),κ n = σ wn,y σ Pn,yt lag and ρ(w n , P n ) (as described in Section 4.4.1) for all catchments going from high soil moisture memory (top row) to low soil moisture memory (bottom row). In the left hand side column the red curves correspond to the fitted runoff ratio functions, the black lines show the fitted ET ratio functions and the vertical blue lines denote the 5% and 95% quantile of all soil moisture values in the time frame between April and October. Soil moisture memory, its uncertainty,κ n and ρ(w n , P n ) are computed for all months between April and October and for lag times between 5 and 40 days. Table 1 ) at all catchments with respective soil moisture memory at a lag of 30 days. Dark gray corresponds to negative correlations, light gray indicates positive correlations. Hatching indicates correlations that are not significant on the 5% level (two-sided t-test). The top row displays the soil moisture memories of lag 30 days of all 13 catchments plotted against altitude, CTI and dryness index including a least-squares fit and explained fraction of variance. The same is shown in the lower row for the ratioκ n = σ wn,y σ Pn,yt lag , also for a lag time of 30 days.
